Introduction
Forest ecosystems are key elements for the maintenance of global biodiversity (Brooks et al., 2006) . They support a range of ecosystem functions and provide multiple and essential ecosystem services (ES) to society (MEA, 2005) . Some of the main forest ES can be classified as regulating services: climate and water regulation, erosion and flood control, etc. (Miura et al., 2015) . However, materials and energy provision and cultural services are also relevant in forests (MEA, 2005) . Forest ecosystems have been strongly disturbed and modified by the human use of the landscapes, although the intensity of historical disturbances and the current condition of these ecosystems are highly heterogeneous in space (FAO, 2014; Trumbore et al., 2015) .
Several authors have highlighted the relevance of the biodiversity contained in Mediterranean landscapes (Brooks et al., 2006) and in particular in the Mediterranean Basin (Medail and Quezel, 1999; Hampe and Petit, 2005) , which is considered a biodiversity hotspot of global relevance (Myers et al., 2000) . The forests of this region have been managed and modified for millennia due to the historical use of natural resources by human societies (Underwood et al., 2009 ). In the context of global change, the development of effective management and conservation strategies is key for the maintenance of their diversity and ecosystem functions (Costanza et al., 1997) . A series of drivers have been identified as having potential effects on forest ecosystems and their supply of ES (EME, 2011; Thom and Seidl, 2015) , including landuse changes, wildfires, climate change, alien species, pests and pathogens (Vila et al., 2010; Doblas-Miranda et al., 2015) .
Methodological factors may have a large impact on the quantification of ES (Eigenbrod et al., 2010 ; Van der Biest et al., 2015) and are important sources of uncertainty in ES assessments (Hou et al., 2013) . Land Use/Land Cover (LULC) information often constitutes the basis for ES assessments (Hou et al., 2013) . However, the use of proxy-based methods relying only on LULC data assumes that if one class (an ecosystem type) provides a specific ES, the level of supply is constant in space, neglecting the importance of other ES drivers not represented by land use categories. This leads to a potentially large generalization error in ES assessments (Plummer, 2009) . Notably, these proxy-based approaches often hide large differences in the composition and structure of the forests that drive ecosystem functioning (Vila et al., 2007; Ruiz-Benito et al., 2014) and ES supply (Alamgir et al., 2016; Sutherland et al., 2016) . Recent studies overcome some of the limitations of proxy-based methods by defining specific biophysical indicators (e.g., Garcia-Nieto et al., 2013) or by using specific information about the structure and the composition of these ecosystems (Roces-Díaz et al., 2017) . Finally, accurate assessments of ES should include the analysis of ES spatial patterns and their spatial associations (Andrew et al., 2015) , including synergies and trade-offs as well the identification of areas with particularly high levels of overall supply (hotspots; Mouchet et al., 2014; Schröter and Remme, 2016) .
Forest planning and management strategies are beginning to include forest ES as key elements in their assessments (e.g. Frank et al., 2015; Triviño et al., 2015) , which can help to visualize and promote the multi-functionality of these systems. Spatial-dependent aspects, such as the scale and the administrative level of analysis, become particularly relevant for planning and management objectives (Hein et al., 2006) . In this regard, the municipal domain often offers a good compromise between reasonable spatial resolution and administrative relevance (Rodríguez-Loinaz et al., 2015; Roces-Díaz et al., 2018) . Within this management-oriented perspective, the spatial patterns and relationships between ES (trade-offs and synergies) should also be evaluated (Duncker et al., 2012) . For instance, negative relationships are frequently reported among materials provision (such as timber) and cultural services (Garcia-Nieto et al., 2013) or biodiversity (Duncker et al., 2012) . .
In recent years several studies have analysed the ES provided by European Mediterranean landscapes and uncovered their strong relations with social and environmental characteristics (García-Llorente et al., 2015) . Some of these studies have focused on the assessment of specific, particularly relevant ES such as water provision (Quintas-Soriano et al., 2014) or erosion regulation (Guerra et al., 2016) , while other works have described and analyzed all the ES provided by specific types of forest ecosystems (e.g., cork oak woodlands (Bugalho et al., 2011) ). However, there are still few studies addressing different forest types at the regional scale and including a complete set of ES as a necessary step to address trade-offs and spatial variability in their overall provision (but see Garcia-Nieto et al., 2013) .
In this work we define a comprehensive set of bio-physical indicators of forest ES for Catalonia (North-eastern Spain) on the basis of different data sources, and assess them at the municipality level. The specific objectives of this work are: i) to analyze the spatial patterns of these ES and to identify their main hotspot areas; and ii) to assess the spatial relationships of these ES (tradeoffs and synergies) and the association between these ES and different socioeconomic, climatic and biodiversity variables that characterize the study area. We hypothesize that the ES analyzed will show clearly differentiated spatial patterns, with a high clustering of provision and regulating services on mountainous municipalities with higher forest cover and lower population density. Other ES (e.g., cultural) will be associated to more populated areas. These disjoint spatial patterns may reflect trade-offs between different ES.
Material and Methods

Study area and outline of the experimental approach
Our study area is Catalonia (North-eastern Spain; Figure 1) (Grove and Rackham, 2003) . Importantly, recent episodes of forest decline have been detected in the study area, affecting mostly species reaching the southern limit of their distribution in the Iberian peninsula, such as P. sylvestris (e.g., Martínez-Vilalta and Piñol, 2002) and F. sylvatica (e.g., Peñuelas and Boada, 2003) . Approximately 80% of the forests in Catalonia are privately-owned, whereas the remaining 20% are public. The spatial unit of our analysis was the municipality (N = 947 municipalities in Catalonia). ES maps were obtained at this municipality level (see below), where values from different sources (including raster format) were aggregated to polygons. As we focused on forest ecosystems and on ES capacity or actual supply (not demand), we restricted our analyses to those municipalities with substantial forest cover. Thus, we selected only those municipalities that contained at least three permanent plots of the Third National Forest Inventory of Spain (NFI; MAGRAMA, 1997 MAGRAMA, -2007 , which was considered a minimum sample size to obtain representative estimates and perform statistical comparisons. The Spanish NFI is an intensive program of periodic surveys (every ~10 years) that cover the whole forested area of Spain following a uniform sampling design (Appendix S1). Data of the 3 rd NFI, conducted in Catalonia in 2000-2001, is used unless otherwise stated. NFI plot density is ~1 plot/km 2 of forest, so that the 3 plot threshold corresponds with an average of (at least) 300 ha of forest per municipality, resulting in a subset of 576 municipalities. Forest cover ranged between 10 % and 95 % in these municipalities.
In addition to using NFI data to delineate the areas (municipalities) of interest to this study, we also used the NFI dataset as a basis for the assessment of most ES. The majority of ES indicators were calculated either directly from NFI data (NFI data, 
Provisioning category (three ES).
We used edible mushrooms production for food provision (P1), as mushroom picking is an important social and economic activity in the study area (Bonet et al., 2010) . We estimated edible mushroom production for year 2013 for each municipality in kg/ha/year. For pine forests we combined Third National Forest Inventory (NFI) data and the model developed by de-Miguel et al. (2014) . This model accounts for the effects of stand composition, structure and site characteristics in a typical year (Appendix S1). Pine forests are by far the most important forests in terms of cover and, particularly, mushroom production in the study area (Bonet et al., 2010 Cáceres et al., 2015) . Flood protection (R4) and erosion control (R5) are strongly dependent on the occurrence of a specific type of ecosystem (riparian forest) or on the detailed distribution of forest cover. For their calculation we used a highly detailed LULC map of Catalonia (LCMC, 2009) with a very high spatial resolution (scale 1:5,000 and minimum mapping unit of 500 m 2 ).
For flood protection we used the percentage of area alongside water courses covered by riparian forests. To estimate this coverage, we defined a 25 m buffer around watercourses using the LCMC (2009), and calculated the percentage of riparian forests inside this buffer area. Finally, erosion control was assessed by the percentage of slopes steeper than 30% grade that were covered by forests. 
Cultural category (four ES
)
Socioeconomic, climatic and biodiversity predictors of ES supply
We used a series of socioeconomic, climatic and biodiversity variables to assess if they explained ES variability among municipalities. Socioeconomic variables were obtained from the data provided by the regional administration (Statistical Institute of Catalonia: www.idescat.cat, IDESCAT, 2015), aggregated at the municipality level. We considered six socioeconomic variables: population density (inhabitants/km 2 ), unemployment rate (calculated as the number of unemployed people over the total working population), and the percentage of working population occupied in agriculture, industry, construction and tertiary sector (separately). In addition, we included climatic (mean annual temperature (ºC) and total annual precipitation (l/m 2 )) and biodiversity information. As biodiversity information we used total forest woody species richness (from NFI3) and forest bird richness (from per municipality. Detailed information about these variables is provided in Appendix S1.
Data analysis
Data processing
ES supply needs to be referred to a given land surface to produce useful and comparable indicators. Some ES were expressed in % to land area and no further standardization was required (R4 and R5; Table 1 Prior to analyze relationships among pairs of ES and with socio-environmental variables, ES values were transformed to make their statistical distribution closer to normality, by applying logarithmic or squared root functions when necessary (Table 1 ). In addition, proximity-to-target methodology was used to standardize their values to a common 0-1 scale (Rodriguez-Loinaz et al., 2015) . In our case, lowest and highest benchmarks were determined from minimum (or maximum) values recorded for each ES and all intermediate values were rescaled linearly between the two extremes. After standardization, they were grouped and averaged for each municipality by category (provisioning, regulating and cultural), which involves giving equal weight to all indicators within a category (i.e., assuming that all indicators are relevant and similarly important).
Statistical analysis
Pearson correlations were used to explore the relationships (trade-offs and synergies; Mouchet et al., 2014) among normalized ES and their categories in space, as well as their relationships with socioeconomic, climatic and biodiversity variables. The spatial aggregation of each ES was explored using Moran´s I on a Spatial Autocorrelation Analysis ESRI, 2013b) . In addition, each normalized and standardized ES was modelled as a function of socioeconomic, climatic and biodiversity variables using linear mixed-effects models. To avoid multicollinearity issues, correlation and principal component analysis (PCA) were used to select a subgroup of independent variables to be included in the mixed-effects models as explanatory variables. As a result, we finally selected seven variables (population density, unemployment rate, population occupied in tertiary sector, mean annual temperature, total annual rainfall, woody species richness and bird richness) with correlation coefficients between them < 0.53. PCA confirmed that these variables were relatively orthogonal (Appendix 2, Figure S2 .1). County (groups of municipalities, N=41, Figure 1 ) was incorporated as a random factor to better account for spatial autocorrelation. Preliminary analyses confirmed that including county as a random factor improved model fit (in terms of the Akaike Information Criterion, AIC). All statistical analyses were conducted using the R software environment (v.3.2.0; R Development Core Team, 2014).
Finally in order to detect the areas with highest supply of the different categories of ES, a hotspot analysis on ES maps was performed (ESRI, 2013a) using the Getis-Ord Gi* clustering method Schröter and Remme, 2016) . A more detailed account of all these analyses is provided in the Supplementary Material (Appendix S2).
Results
Spatial distribution of ecosystem services
The spatial patterns of ES varied from highly clustered to dispersed, and many of them showed a gradient from mountainous areas (in the north) to lowlands (in the south) ( Hotspots maps are classified in five categories using the standard deviation of Getis Ord Gi* statistic.
Relationships among ecosystem services and with socioeconomic, climatic and biodiversity variables
In general, land-based indicators showed positive pair-wise relationships (Table S3 .1) while forest-based ones (Table S3 .2) showed in some cases negative relationships, especially between cultural and other indicators. Positive associations were particularly strong among provisioning and regulating services, with highest values (r > 0.7) between water storage and mushroom production or water exported.
The comparison between ES categories showed highest correlations between provisioning and regulating ES for both land-based and forest-based indicators ( Table 2) Population density showed a negative relationship with regulating services (land-based) and a positive one with cultural ES (forest-based). Finally, the percentage of people employed in the tertiary sector showed positive associations with regulating and cultural services. Linear mixed-effects models were used to explore the combined effects of socioeconomic, climatic and biodiversity drivers on the distribution of individual ES (see Table 3 for land-based indicators and Table S3 .3 in Appendix S3 for forest-based ones). Explained variance ranged between 9 and 54% (marginal R 2 ) and between 13 and 79% (conditional R 2 ) for land-based showing positive and negative relationships depending on the ES (Table 3 and Table S3 .3).
Woody species richness was the biodiversity variable with highest explanatory power. Its effect on land-based indicators was generally positive (significant in 7 cases), but it was significantly negative on animal observations. The number of negative effects for woody species richness was higher regarding forest-based indicators, including soil fertility, recreational and experiential. Bird richness showed less significant relationships and some of them were negative (Table   1 ). This distinction is important for an accurate assessment of ES (Boerema et al., 2016) . It should be noted that the relationship between actual supply and supply capacity differs among ES, reflecting differences in the context of ES delivery and the spatial configurations of supply capacity and demand Schröter et al., 2014) , which was not assessed in this study. In our case the selection of ES (measuring actual vs. supply capacity) primarily reflected limitations in data availability but also inherent differences between ES types (Yahdjian et al., 2015) . In particular, the ES categories for which we mix indicators of actual and supply capacity (provisioning and cultural, Table 1) correspond to those for which the overlap between supply capacity and demand is relatively low (Yahdjian et al., 2015) . In addition, we assumed that all our indicators of regulating ES represent actual supply, but this could be highly context-dependant (e.g. Andersson et al., 2015; Sutherland et al., 2017) . , 2016) . In addition, the ES showed some differences between the temporal periods assessed. This limitation is not easy to avoid when heterogeneous data sources are used, and in our case we prioritized obtaining the best data available for the processes analysed in the study area, even at the cost of small temporal mismatches. Finally, some of the ES estimated here are based on previously tested (and published) ecological models (mushroom production, water exported, etc.), while others are based on simpler approaches using detailed LULC maps (riparian forest, erosion control or Natura 2000). Although we did not assess the accuracy or the uncertainty associated with these last data , they are based on best available information that provides an accurate representation of the studied landscape (LCMC, 2009).
Regarding the spatial level of analysis, although the municipality level is often used in ES assessments (e.g., Rodríguez-Loinaz et al., 2015) . Municipalities do not necessarily correspond to physical units in terms of environmental characteristics, forest distribution or forest function.
Although more detailed, spatially explicit analyses are possible in some cases (e.g. erosion control in Guerra et al., 2016; catchment-level analyses for water-related ES in Stürck et al., 2014) , this aggregation at municipality level has several advantages, as it allows: i) focusing the analysis on areas with a significant forest cover; ii) combining plot-level data (from NFI plots by calculation their average value) with other types of spatial information; iii) using administrative information that is not available (or meaningful) at more detailed spatial scales;
and iv) an explicit link to the administrative level where most management strategies and landuse policies are decided and applied in general Ariza-Montobbio et al., 2014) , and also in the study area. In additional, recent work in the same study area reports similar spatial patterns of ES at the municipality compared to finer (1x1 km) resolutions (RocesDíaz et al., 2018).
Trade-offs and socioeconomic and environmental determinants of ES distribution
Land-based and forest-based indicators showed broadly similar spatial patterns, but important differences were detected in the analysis of trade-offs and synergies among ES using both approaches, which highlighted their complementary character. Positive and significant relations among ES categories were frequently obtained when using the land-based indicators but not always when using forest-based ones (Table 2 ). In addition, significant trade-offs between ES appeared only when forest-based indicators were compared (Table S3 .2). Thus, referring ES to the total municipal area masked some of the relationships that were detected when they were expressed per unit of forest area. The selection of the type of indicator is likely contextdependant and, thus, deciding which one is more suitable based on first principles appears difficult. However, forest-based indicators better reflect the intrinsic properties of forests and therefore appear more appropriate when the aim of the study is to identify the fundamental trade-offs between different ES.
It is generally accepted that high biodiversity levels are associated to high levels of ES supply (Egoh et al., 2009; Gamfeldt et al., 2013) . We used birds and woody species richness as biodiversity descriptors. Although this type of approach may be problematic because richness does not reflect changes in the abundance of species (Van Strien et al., 2012) , there is no doubt that species richness is an important determinant of forest ecosystem function (e.g., Vila et al., 2007; Liang et al., 2016) . Consistent with previous studies, our results showed positive correlations of provisioning and regulating services with woody species and bird richness (Table 3) .
Climatic conditions (mean temperature and annual rainfall) were the main determinants of the spatial variation of the ES analyzed here (Tables 2 and 3 and Table S3 .3), including the distribution of hotspots. That is a logical consequence of the relationships between ecological processes and climate, particularly in water-limited regions, but it could be also related with the fact that some of the ecological models used in this work (e.g., Doblas-Miranda et al., 2013; De Cáceres et al., 2015) use climatic conditions as drivers. For example, in the case of the soil water balance model, the exported water (P3) cannot be larger than rainfall
Cultural services often show a high demand from urban populations (Martin-López et al., 2012) , which in the study area are closely associated to densely populated municipalities. Considering that all our cultural ES indicators measure ES use (actual supply), it is not surprising that two of them were positively related with population density (Table 3 ). In addition, animal observations showed clear positive relations with population density, in agreement with previous studies (Plieninger et al., 2013) . The fact that three out of four ES showed positive relations with the percentage of people employed in the tertiary sector (Table 3) likely reflects the economic importance of tourism in the study area (Gary and Cànoves, 2011) . Higher supply of cultural ES in forests surrounding urban areas could respond to the demand of these ES from people living in areas where contact with natural ecosystems is often limited (Daniel et al., 2012) . Finally, negative relationships between provisioning services from agricultural agroecosystems and other ES are common (Haines-Young et al., 2011; Lee and Lautenbach, 2016) , including those provided by forests (Rodriguez et al., 2007) .
Conclusions
Our results provide a picture of the current supply of several ES by the forests of Catalonia. The integration of information from different sources allowed an assessment of these ES that overcomes some of the limitations and uncertainties derived from approaches based exclusively on land use/cover data. In addition, the calculation of all these ES at the municipal level allowed an analysis that can directly inform management. Although many ES showed highest values in the mountainous and wet areas of the North of the study area, the distribution patterns of some ES and biodiversity variables support a high ecological value of forest-dominated landscapes located close to the Mediterranean coast. The relevance of these landscapes in the Mediterranean Region has been highlighted in previous studies, both from the perspective of biodiversity (e.g., Fattorini et al., 2015) and using ES-based approaches (e.g., Brenner et al., 2010) , and may require special attention in conservation strategies and ES management.
Additional research is required to assess possible changes in ES provision as a result of climate change in Mediterranean forested areas. Most of the ES indicators developed in this study allow for an explicit analysis of recent temporal trends (cf. Rodríguez-Loinaz et al., 2015) and can be included in structured forest dynamics models (e.g., de Cáceres et al. 2015) . This information, together with the use of state-of-the-art ecological models should improve our capacity to forecast changes in the supply of ES under different climatic and socioeconomic scenarios.
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Appendix S1. Detailed description of the data sources used in this work
We have assessed ES using different approaches. Most ES were mapped using previously built models; others ES were calculated using primary data from NFI plots; for both types, ES were calculated at point level and then aggregated at municipality scale. Others ES were estimated based on combing datasets at municipality levels such as aerial photo interpretation and GIS analysis, territorial statistic, information from different databased (including unofficial webpages), etc. The resulting ES maps were then aggregated to municipal units and obtained values were compared to explore their potential trade-offs and synergies between pairs of ES.
Finally these values were analysed against climatic and socioeconomic conditions of the studied municipalities.
 The indicator for climate regulation (R1: Carbon sequestration) was based in the Spanish National Forest Inventory directly. Other indicators (mushroom production (P1) for food provision ES; water exported (P3) for water provision ES; water storage capacity (R3) for water regulation ES) were based on models that used this data source as an input. The Spanish National Forest Inventory (NFI) is an intensive national database of periodical forest surveys distributed systematically across the forested area of Spain (Villaescusa & Díaz, 1998; Villanueva 2005) . The IFN is based on a network of circular plots at a density of 1 plot per 100 ha, which allows forest characterization and includes exhaustive information on the composition of canopy and understory woody species, as well as on forest structure and production. Tree sampling followed a nested design, that is, plot size depends on the diameter at breast height (DBH) of the measured trees to guarantee a representative sampling of the tree size distribution. Thus, all trees with DBH ≥ 7.5 cm were measured within 5 m of the centre of the plots, trees with DBH ≥ 12.5 cm were also measured between 5 and 10 m around the centre of the plots, whereas trees with DBH ≥ 22.5 cm and DBH ≥ 42.5 cm were also considered within 10-15 m and 15-25 m around the centre of the plots, respectively. Species identity of all living and standing dead trees was recorded and its height (H) and DBH  Food provision ES. Indicator P1: Mushroom production. Mushroom production estimates (i.e., food provisioning ES) were based on the mixed-effects models provided by de-Miguel et al. (2014) , focusing on edible mushrooms of commercial interest, i.e., widely consumed by people in the study region. These models were developed based on the monitoring, from 1995 to 2012, of weekly mushroom production from permanent sample plots representing most pine forest ecosystems throughout the study region, i.e., pure and mixed stands of Pinus sylvestris, P. nigra, P. halepensis and P. pinaster. The models allow for estimating mushroom production for a typical year based on site and stand characteristics. The site conditions driving mushroom production in the models are determined by the elevation above sea level (i.e., a surrogate for typical meteorological conditions) as well as by the interaction between aspect and slope. The models predict increasing mushroom production with increasing elevation and northern aspect. The stand characteristics affecting mushroom yield in the models are both stand composition (i.e., main tree species) and stand structure as described by the stand basal area. P. sylvestris stands are expected to provide the highest mushroom production, and the optimal stand basal area maximizing mushroom production is approximately 20 m 2 ha -1 , although it fluctuates between pine ecosystems.
Reference: de-Miguel, S., Bonet, J. A., Pukkala, T., Martínez de Aragón, J. 2014 . Reference: De Cáceres, M., Martínez-Vilalta, J., Coll, L., Llorens, P., Casals, P., Poyatos, R., Brotons, L. 2015 Reference: Doblas-Miranda, E., Rovira, P., Brotons, L., Martínez-Vilalta, J., Retana, J., Pla, M., Vayreda, J., 2013 . Soil carbon stocks and their variability across the forests, shrublands and grasslands of peninsular Spain. Biogeosciences 10, 8353-8361. doi:10.5194/bg-10-8353-2013  Flood protection and Erosion control ES. 
Impact of forest management intensity on landscape-level mushroom productivity
Source of biodiversity data
Finally we defined two biodiversity indicators: the total number of woody species recorded in every municipality and the total number of forest birds in each municipality. Woody species richness was taken from NFI3 plots, and was defined as the total number of woody species observed in all sampled plots by municipality. Richness of forest birds was provided by the Catalan Ornithological Institute (ICO), and includes all breeding forest species (according to species distribution models performed at 1x1 km) from the Atlas of breeding birds in Catalonia 1999-2002 . This variable was calculated using. The second Catalan
Breeding Bird Atlas (CBBA2; ). Fieldwork for CBBA2 was conducted between the years 1999 and 2002 and its database represented the most updated data source robustly covering all municipalities in Catalonia when this study was carried out. A total of 3,077 1x1 km squares (corresponding to a stratified selection of ca. 10% of the total number of 1x1 km squares of Catalonia) were surveyed. In order to maximize the overall species detectability two one-hour surveys were done in each 1x1 km square, one in the early and one in the late breeding season, respectively. Presence/absence data for breeding bird species collected in these surveys and a number of environmental predictors were used to develop Species Distribution Models and a cross-validation procedure (70% data for calibration and 30% for validation) was applied for the assessment of model performance. Finally, species' habitat preference was classified in several categories (including forest and some other habitats)
according to the information gathered in the same set of 1x1 km squares and the habitats present there. 
Appendix S2. Spatial statistics calculations
Mapping ecosystem services indicators and social, climatic and biodiversity variables
A database with the value of each indicator was built. As they were calculated at municipality level, they were joined with a spatial shape of the municipalities of the study area. Thus, we produced maps for the different ES indicators, for the types of services and for the social, climatic and environmental variables using the Geographic Information System (GIS) ArcGIS 0-20%; 20-40%; 40-60%; 60-80%; 80-100%) in a similar way to most ES geographical assessments at similar scales (Burkhard et al., 2010) .
Packages used for statistical analyses
Correlation analyses were conducted using the "corrplot" package (Wei and Simko, 2016) . PCA analysis and graphics were conducted using the "FactoMineR" package (Le et al., 2008) , and linear mixed models were fitted using "lme4" (Bates et al., 2015) and "lmerTest" (Kuznetsova et al., 2015) packages. Additionally, we followed Nakagawa and Schielzeth (2013) 
Statistical methods for Hotspots calculation
In order to identify areas of high and low FES supply (respectively hotspots and coldspots) in each FES map, the Getis-Ord Gi* statistic Ord and Getis, 1995; ESRI, 2013) Eq.1
Where n is the number of features; wi,j is the distance between the features i and j; xj is the value of potential supply of the ES, and S is calculated as follows (Eq.2):
Eq.2
For a given dataset, the Getis-Ord Gi* statistic identifies those clusters of spatial features with values (of potential FES supply) higher (or lower) of those expected to be found by random chance (ESRI 2013a). The output of the Gi* is a Z-score for each feature that represents the statistical significance of clustering for a specified distance. Higher Z-scores indicate higher intensity of feature value (FES supply) clustering and hotspots of FES supply. Negative Zscores indicate clusters with low FES supply values (coldspots). The analyses were performed using ArcGIS 10.1 spatial statistic tools.
Statistical methods for Moran´s I calculation
The spatial autocorrelation between the indicators were was by using Moran´s I coefficient (Eq.3; Moran 1948; ESRI 2013a).
Eq.3.
Where n is the number of features (points); wi,j is the distance between the features i and j; zi is the deviation of the attribute (here the value of each indicator) from feature i from the mean value.
The coefficient indicates the variation in values of one variable, based on the distance between the elements (the centroid of each municipality). As a result, Moran´s I enables classification of the spatial patterns of the points on the basis of the degree of clustering or dispersion that the values of potential supply of the ES show. This index can vary from -1 (highly negative spatial autocorrelation) to +1 (highly positive autocorrelation). Figure S3 .1. Distribution of forest-based ES categories on the study area and their hotspots. Existence (C2)
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Correlations among ES
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Forest-based type indicators
Distribution of the forest-based ES categories
Mixed models for the forest-based type ES
